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VLMs limitations In privacy

VLM prompt: Does this image contain privacy sensitive content? If yes,
which content is private?

CogVLM-17B: Yes, this image contains privacy sensitive
content. The picture shows a bee in a black background with
its eyes and mouth covered... This information might violate
the privacy of the bee or any other living being...

Introduction

e |Image privacy: a complex and contextual task, challenging even for
LLMs/VLMs

e Human-centric approach to help users understand privacy risks

e Novel multimodal framework that enables the learning of a classifier
whose decisions can be interpreted using natural language
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e LLMs/VLMs can be used for interpretable privacy
predictions when employed for descriptive tasks

e PrivxITM achieves high performance without
sacrificing interpretability

e Our method removes the need for human-annotated
attributes for privacy classification

e Topics representation discovered within the image clusters dress-up and boudoir of PrivacyAlert.

e Topic refinement removes objects that are often hallucinated such as cups and chairs, and
generates the cluster descriptors €.
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